When reaching to grasp, we coordinate how we preshape the hand with how we move it. To ask 4 how motor cortical neurons participate in this coordination, we examined the interactions between reach-5
Introduction 17 18
The focus of cortical motor neuroscience has been shifting from the question of representation to 19 the question of neural dynamics (Todorov and Jordan, 2002; Scott, 2004; Todorov, 2004; Cheng and 20 Sabes, 2006; Churchland et al., 2012; Shenoy et al., 2013) . To analyze such neural dynamics, a standard 21 approach is the use of state space methods, where a high-dimensional neural signal is described by a 22 trajectory through a low-dimensional space. These methods can also allow us to ask how the trajectories 23 of two neural populations, such as reach-and grasp-related populations, coordinate with one another. The 24 temporal and spatial coordination of transport and grasp components during reach-to-grasp behavior has 25 been studied extensively in psychophysics experiments (Jeannerod, 1984; Haggard and Wing, 1995) , and 26 the development of this coordination has been studied in infants and children (von Hofsten, 1984; KuhtzBuschbeck et al., 1998; Wimmers et al., 1998) . The hand preshapes itself during transport such that when 28 the arm reaches the object, the grasp aperture and orientation of the hand match the required configuration 29 to grasp the object. Other work has posited that during reach-to-grasp, the nervous system is concerned 30 with finding suitable positions for the thumb and fingers on the object's surface, and then moving them 31
there (Smeets and Brenner, 1999) . In both scenarios, populations of motor cortical neurons may need to 32 control the hand and arm in a tightly coordinated fashion. 33
Previous studies have touched on the cortical basis of coordinating reach-to-grasp movements but 34 have focused on single neuron responses or pair-wise correlations. It has been shown that neurons in 35 primary motor cortex (MI) modulate sequentially during a reach-to-touch task such that shoulder-and 36 elbow-related cells (assessed via intracortical microstimulation effects on the same electrode sites from 37 which the cells were recorded) begin firing on average about 60 ms before wrist and finger-related 38 neurons consistent with the proximal-to-distal sequencing of muscle activation evident in this task as well 39 as in many other multi-joint motor behaviors (Murphy et al., 1985) . In premotor cortex, pair-wise 40 correlations between small groups of neurons have been shown to carry information about particular 41 reaching and grasping combinations even though the constituent neurons' firing rates only carried 42 information about either reaching or grasping (Stark et al., 2008) . However, these studies have not 43 examined how the dynamics of large neural ensembles coordinate during this reach-to-grasp behavior. 44
Here we simultaneously recorded from multiple MI neurons of two rhesus macaques who 45 performed a reach-to-grasp task to multiple objects in different locations. By measuring temporal 46 fluctuations in single-trial neural trajectories in reach-and grasp-related ensembles, we found evidence of 47 a corrective mechanism which reduced the relative timing between the two ensembles' fluctuations 48 particularly during the middle of the movement. Using Granger causality analysis on these fluctuations, 49
we also found this coordination to be bi-directional. 50 51
Materials & Methods 52
The materials and methods used to collect these data were previously described in Saleh et al.; the 54 same data were used for both studies (Saleh et al., 2012) . All surgical and behavioral procedures involved 55 in this study were approved by the University of Chicago Institutional Animal Care and Use Committee 56 and conform to the principles outlined in the Guide for the Care and Use of Laboratory Animals. 57
58

Behavioral Task 59
Two female rhesus macaques (Monkey O, 6.6 kg, age 7; Monkey A, 6.5 kg, age 7) were trained 60 to reach for, grasp, hold, and release objects presented to them by a robot. Each trial was comprised of 61 four periods: a pre-movement period, a movement period when reaching to grasp the object occurred, a 62 hold period, and a release period, where the robot retracted the object (See Fig. 1a ). The animal's vision 63 was blocked during the pre-movement period, during which the macaque rested her hand on a button. The 64 vision block was then retracted, and the animal proceeded to reach and grasp the object. Once the object 65 was grasped, the animal was required to hold the object until it was retracted by the robot at which point 66 the object was released. Five different objects/orientations were used for this study, each of which was 67 presented repeatedly in blocks of trials. The first was a key-like object that required a key grip, where the 68 monkey held the object between the thumb and the side of the middle phalanx of the index finger. The 69 second object, the D-ring object, was presented in a vertical and horizontal configuration that elicited a 70 whole-hand power grip in two different wrist orientations (neutral, and pronated). The two configurations 71 were treated as separate objects for the purposes of this study. The fourth object was a smaller D-ring, 72 which elicited a precision grip, where the tips of the index and thumb were opposed. The fifth object, a 73 sphere, required a whole-hang grip with a fanning of the fingers. Objects were presented at seven 74 different locations (at varying azimuthal and elevation angles and depths) in pseudo-random order such 75 that the macaque could not predict the object location on any given trial. 76
77
Neural Data Acquisition 78 kinematic data were sampled at 250 Hz and bidirectionally filtered with a fourth-order Butterworth low-105 pass filter with a 6 Hz cutoff. 106
107
Analytical Methods: GLMs 108
We classified neurons as primarily related to either the reach component or the grasp component 109 of movement by fitting generalized linear models with a log link function and Poisson error distributions 110 relating either the set of proximal (shoulder and elbow) or distal (wrist and finger) joint velocities to the 111 firing rates of individual neurons. Neurons whose activity could be better predicted with a model using 112 only proximal joint velocities were labeled as reach-related (See Figure 1c) , and those with a model using 113 only distal joint velocities, grasp-related (See Figure 1d ). For this part of the analysis, the neural data and 114 the kinematics were downsampled to 50 Hz. For the remainder of the analysis, the neural and kinematic 115 data were both analyzed at 250 Hz or a sampling interval, T, of 4 ms. To allow neural responses to have 116 different latencies with respect to kinematics, we used a stack of kinematics with different delays as 117 regressors. In line with a previous study (Saleh et al., 2012) , we used 11 different delays ranging from a 118 lead time of 40 ms (neuron fires after movement) to a delay time of 160 ms (neuron fires before 119 movement). The mean pseudo R-squared (Heinzl and Mittlböck, 2003) across the runs of a ten-fold cross 120 validation was used to select the neurons; those with a larger pseudo R-squared for the reach model were 121 classified as reach-related and vice versa. 122
123
Analytical Methods: PCA 124
Instead of looking at the firing activity of each of the neurons in a population separately 125 throughout the task, we used principal component analysis (PCA) to reduce the dimensionality of a 126 population's firing activity in order to interpret the interaction between the two populations of neurons. 127
First, each dataset was subdivided by condition, defined by the object type and location, for a total of 35 128 (5 objects x 7 locations) conditions. The firing activities of all of the neurons were smoothed with a 129 a matrix whose dimensions were number of neurons by the number of time points in all of the trials for 131 that condition. We applied PCA to reduce the neuronal dimension of this matrix for every condition in 132 each of the datasets. For each dataset, we chose between 3 and 8 components to describe the firing 133 activity of the neural population in this reduced subspace, so as to account for at least 80% of the variance 134 in the neural data throughout the course of the trial (See Figure 2a) . 135
136
Results
138
We recorded simultaneously from between 33 to 50 MI neurons while macaques made reach-to-139 grasp movements to five different object types presented at seven different locations. Neurons were 140 classified as primarily related to either the reach or grasp component of movement by fitting generalized 141 linear models. Classifying neurons in M1 as either reach-or grasp-related based on limb kinematics is 142 challenging because the kinematics of the proximal and distal joints of the upper limb are highly 143 correlated during natural reach-to-grasp movements. In fact, we found that neurons whose activity could 144 be well-predicted with a model using only the proximal (i.e. shoulder and elbow, see Methods) joint 145 velocities tended to be well-predicted by a model using only the distal (i.e. wrist and fingers, see 146 Methods) joint velocities ( Figure 1b) . Neurons whose activity could be better predicted with a model 147 using only proximal joint velocities were labeled as reach-related (Figure 1c) , and those better predicted 148 with a model using only distal joint velocities as grasp-related (Figure 1d ). For monkey O, 45% of the 149 neurons were classified as reach-related and 55% of the neurons were classified as grasp-related for the 150 first dataset, and 35% reach-related and 64% grasp-related for the second dataset. For monkey A , 32% of 151 the neurons were classified as reach-related and 66% were classified as grasp-related in the first dataset, 152 and 34% reach-related and 66% grasp-related in the second dataset. 153
In order to study the coordination between populations of M1 neurons during reach-to-grasp, we 154 first verified that the macaques were temporally coordinating arm movement and hand prehension (Figure  155 2b). Human psychophysics studies have shown that the time of peak deceleration of the arm issignificantly correlated with the time of maximum aperture of their hand (Jeannerod, 1984 We examined single-trial neural trajectories of the reach and grasp populations in a reduced 164 subspace using principal components analysis (see Methods). For each dataset, we chose between 3 and 8 165 components to describe the population activity so as to account for at least 80% of the variance in the data 166 (Figure 2a ). Each dataset was subdivided by condition, defined by the object type and location for a total 167 of 35 (5 objects x 7 locations) conditions. Given that the trajectories of the proximal and distal joints were 168 fairly stereotyped within a particular condition-i.e. the monkey made very similar movements to reach 169 and grasp the same object presented at the same location (Figure 2c ), the neural trajectories of the reach 170 and grasp populations ( Figure 2d ) were also fairly stereotyped. We took advantage of this to compute 171 mean reach and grasp neural trajectories for each of the conditions in the reduced dimensional space. The 172 trial-averaged neural trajectory for a particular condition was thus used to represent the ideal, stereotyped 173 dynamics of the neural ensemble when the monkey was reaching to grasp that particular object at that 174 particular location. 175
Assuming that each of the neural populations would tend towards this stereotyped behavior, we 176 compared the neural population trajectories for each trial to the trial-averaged trajectories by measuring 177 the temporal deviations of each trial's neural trajectory from the mean neural trajectory as a function of 178 time. At each time point during the trial, we projected the single-trial trajectories and mean trajectory onto 179 a local approximation to mean trajectory ( Figure 2e ). Thus, for trial i, every time point had an associated 180 temporal deviation, ( ), from the mean, defined as the amount of time the reach or grasp neural 181 trajectory was leading (or lagging) the mean trajectory:
where T is the sampling interval (i.e. 4 ms), ( ) is the projection of trial i at time point t 183 onto a local approximation to the mean trajectory, ( ) is the projection of the mean trajectory at 184 same time point onto the local approximation to the mean trajectory, and ( ) is the length of the local 185 approximation to the mean trajectory from time point t-1 to t+1. 186
Measuring how far both neural populations were along their own stereotyped behavior gives us a 187 window into how synchronized their behavior is. Overall, the reach-related and grasp-related The primary question we addressed in this study was whether a compensatory mechanism existed 203 to correct for transient increases in the asynchrony between the two populations' neural trajectories. That 204 is, if one population's neural trajectory started to lead or lag the other, would either or both populations' 205 neural trajectories compensate such that they would once again become synchronized (i.e. IPA=0). To dothis, we analyzed how asynchronies tended to diminish in time. We found that an inverse relationship 207 existed between the IPA and its instantaneous temporal derivative, such that larger positive asynchrony 208 was associated with a larger negative derivative in asynchrony and vice-versa (Figure 3b, Equation 3 ). 209
That is to say, the larger the difference in the degree to which both neural populations were following 210 their respective stereotyped behavior, the more quickly that both would work to correct for this 211 difference. This compensation effect reflected a proportional control law, indicating an exponential decay 212 in asynchrony (Equation 4) with a time constant of 1 inversely proportional to the relationship between 213 the IPA and its instantaneous temporal derivative. In order to assess how the time constant associated 214 with this decay in IPA varied over the course of movement, we divided trials into intervals and examined 215 the relationship between the IPA and its instantaneous derivative in each interval. Each interval was 40 216 ms long; there was one interval prior to movement onset, and eight intervals after. Although trials were 217 approximately the same length, there was variability in when individual trials ended during the last 218 interval, making the data less interpretable. Thus, only the first eight intervals were considered for the 219 remainder of the analysis. 220
Since we collected data from both populations of neurons simultaneously, this patterning could be 225 a result of both populations independently and simultaneously regressing to their respective means. To 226 address this issue, we shuffled the trial order of the reach-and grasp-related neural population trajectories 227 within each reach-to-grasp condition. For example, the reach-related neural population trajectory on a 228 trial where the monkey reached to grasp a sphere at a specific location would be paired with a grasp-229 related neural population trajectory on a different trial in the same condition. After shuffling, any trial-230 specific, temporal coordination between the two populations' trajectories would be destroyed. We 231 shuffled the trial order and performed the same analysis 1000 times, looking at the temporal evolution of 232 the IPA and its temporal derivative over the course of the movement. 233
The distribution of the slopes generated by the analysis of the shuffled data was compared to the 234 slope generated by the original data for each interval (Figure 3c ). The same comparison was made 235 between the time constants generated by the shuffled data and the original data for each interval (Figure  236 3d). If the original slope was less than 95% of the shuffled slopes for a particular interval after Bonferroni 237 correction, it was considered to be significant. We found that the presence of a significant compensation 238 effect towards the middle of the movement (between 60 ms to 220 ms after movement onset; average 239 movement duration was 324 ms); this effect was present in at least one interval towards the middle of the 240 movement in 88.57% and 80% of the 35 reach-to-grasp conditions for monkey O datasets, and 42.86% 241 and 16% for monkey A's datasets (p<0.05, one-tailed, non-parametric shuffling test) respectively. In all 242
of the datasets, all of the significant time constants ranged were 100 ms or shorter (Figure 3e) . 243
In order to understand the importance of such inter-neuronal dynamics during coordinated reach-244 to-grasp, we analyzed and compared their relationships with kinematics. We performed the same analysis 245 on the kinematic trajectories of proximal and distal joints by examining them in a reduced subspace using 246 principal components analysis; we computed trial-averaged trajectories of the proximal and the distal 247 joint velocities for each condition. As with the neural data analysis, we measured deviations from the 248 mean by projecting single-trial kinematic trajectories onto the trial-averaged kinematic trajectories. Thus, 249 much like the neural trajectories, every point on the kinematic trajectories of either the proximal or distal 250 joints had an associated temporal deviation. By comparing the asynchrony between the proximal and 251 distal joint deviations to its instantaneous temporal derivative, we found patterns of compensation with 252 significant time constants in the kinematic data (Figure 3f) . 253
In order to better assess the relationship between the kinematic compensation and the neural 254 compensation, we examined how the slopes of the compensation effect diverged from the 95% 255 confidence level of the slopes generated from the shuffled data by subtracting the 95% confidence level 256 (after Bonferroni correction) from the unshuffled slopes. In both of Monkey O's datasets and Monkey A's1 st dataset, we found that this divergence increased during the movement, indicating a quicker 258 compensation effect that cannot be explained by both trajectories independently regressing to their own 259 means. This patterning was present in both the neural (Figure 3g ) and the kinematic (Figure 3h) trajectory 260 dynamics in all four datasets. 261
As stated earlier, classifying neurons in M1 as either reach-or grasp-related based on limb 262 kinematics is challenging because the kinematics of the proximal and distal joints of the upper limb are 263 highly correlated during natural reach-to-grasp movements. Given that this classification is actually a 264 continuum (see Figure 1b) , we reran this analysis on subpopulations of the 10 "reachiest" and 10 265
"graspiest neurons; we found significant compensation effects in three of the four datasets (Figure 4) . In 266 addition, to measure how sensitive the compensation dynamics were to this partitioning into reach versus 267 grasp subpopulations, we randomly partitioned the neurons into two subpopulations one hundred times, 268 preserving the respective sizes of the subpopulations: one population was the same size as the original 269 reach-related population and the other, the same size as the original grasp-related population. We repeated 270 all of the previous analysis for each of the population partitions to generate the slopes and time constants 271 associated with the compensation for each partition; examining the spread of these slopes and time 272 constants gave us an idea of how sensitive our results were to the original reach or grasp population 273 partition. Judging from the mean slopes for all of these partitions it was evident that the compensation 274 dynamics were still present for random partitions of the population, but not to the same extent as the 275 original reach-and grasp-related partition ( Figure 5) . 276
We next used Granger causality to assess directed causal influences between all combinations of 277 the reach-and grasp-related neural deviations and the reach-and grasp-related kinematic deviations. We 278 quantified the ability of the past deviations of one type to predict the present deviations of another type. 279
We compared a full model that predicted one deviation using regressors that included the past of all four 280 deviation trajectories with a model where the regressor of interest was removed (Seth, 2010) . We set the 281 maximal model order to 10 lags (40 ms), and used the Bayesian Information Criterion to select the model 282 order which resulted in a model order of 10 lags for each dataset. We found the significance of theGranger causal relationships using an F-test, and then corrected for multiple comparisons using 284
Bonferroni correction. This analysis was done using the Granger Causal Connectivity Toolbox and 285 methods developed by Anil Seth (Seth, 2010 (1,93056) ). In all of the 295 datasets, there was stronger "causal" influence from the grasp-related to the reach-related neural 296 deviations than from the reach-related to the grasp-related neural deviations (Figure 6a ). In addition, using 297 a model that incorporated only the neural deviation trajectories and setting the model order to 2 lags 298 (8ms), we also found significant bi-directional Granger causal relationships between the deviations of the 299 reach-and grasp-related neural trajectories that were stronger for the first three datasets ( (1,93058) ). These 306 "causal" relationships were also stronger from grasp-to reach-related neural deviations than vice-versa 307 (Figure 6b) . 308
Discussion 310 311
We have introduced a novel approach to quantifying the coordination dynamics of neural 312 ensembles in the context of reach-to-grasp. We found that the trajectories of the reach-related and grasp-313 related neural populations were temporally coupled over the course of movement such that any transient 314 asynchrony in time progression between the two trajectories was corrected for by a proportional control 315 mechanism. These coordination dynamics between the two neural populations were observed in a large 316 variety of different types of reach-to-grasp behaviors. 317
We found that the compensation dynamics were still present for random partitions of the 318 population, but were slower as compared to the original reach-and grasp-related partition (see Figure 5) . 319
The presence of compensation dynamics even for random partitions is perhaps not surprising given that 320 the upper limb area of MI forms a highly interconnected network of neurons with highly overlapping 321 movement representations. ICMS studies have shown that nearly half of stimulation sites in MI evoke 322 twitches in both proximal and distal muscles particularly on the precentral gyrus where we implanted our 323 electrode arrays (Park et al., 2001 (Park et al., , 2004 . Several reach-to-grasp studies have shown that the responses of 324 a large percentage of individual MI neurons were more accurately predicted by considering both proximal 325 and distal kinematics, thereby accounting for the inherent correlations in proximal and distal kinematics 326 in reach-to-grasp (Vargas-Irwin et al., 2010; Saleh et al., 2012) . According to this perspective, the neural 327 coordination we observed is a broader property of the entire upper limb area of motor cortex. 328
The time constant of this compensation effect generally ranged from around 10 ms to 90 ms. The 329 longer durations in this range were greater than the shortest possible transmission time from motor cortex 330 down to the periphery and back up to cortex as measured by the long-latency loop time (Cheney and Fetz, 331 1984; Witham et al., 2011) . However, it is unlikely that the temporal coupling we observed between 332 reach-related and grasp-related populations in MI is solely mediated by signaling though the periphery. 333
The Granger causality analysis indicated that current temporal deviations in one population's neural 334 trajectory could not be explained solely from the past deviations of limb kinematics but requiredknowledge of the past deviations of the second population's neural trajectory. This suggests that the 336 temporal coupling between the two populations was not only due to interactions via the periphery. In 337 addition, the Granger causality analysis indicated that causal interactions between the two neural 338 populations' deviations occurred at very fast timescales, on the order of 8 ms. 339
We found that these Granger causal relationships were also stronger from grasp-to reach-related 340 neural deviations than vice-versa, although bidirectional relationships were present in three of the four 341 datasets. The arm and hand constitute a biomechanically linked chain of limb segments, and as such 342 motion about one joint induces interaction torques on the other. However, given the larger inertial 343
properties of the arm as compared to the hand, interaction torques on the distal limb segments induced by 344 motion of the shoulder and elbow are larger than interaction torques on the proximal limb segments due 345 to motion of the wrist and fingers (Galloway and Koshland, 2002; Ambike and Schmiedeler, 2013) . 346
Therefore, when temporal deviations in the neural state associated with the distal joints occur, it may be 347 particularly important for these deviations to inform the deviations of the proximal joints than vice-versa. 348
In other words, the asymmetry in interaction torques from proximal to distal joints may be compensated 349
for by an asymmetry in neural communication from distal to proximal joint representations. 350
The compensation effects were more evident for Monkey O's two datasets than for Monkey A's 351 two datasets, particularly in the case of Monkey A's second dataset. One key difference in this dataset is 352 that we had more neurons (50 as compared with 33, 37, and 42), and needed more principal components 353 to describe this dataset, which may have contributed to differences in the results. It is also true that for 354 datasets in which the reach-and grasp-related neural deviations are more strongly correlated, we see a 355 greater degree of neural compensation divergence (Figure 3g) . We hypothesize that a greater correlation 356 between the deviation types could increase the accuracy of our estimation of compensation effects, since 357
we have more data points at which the trajectories are coupled. This effect is evident when we compare 358 the results for data aggregated over all of the conditions to those calculated for each condition. In the 359 aggregate case (Figure 3e) , all of the datasets have between 4 and 6 intervals with significant 360 compensation. The difference becomes stark when examining the compensation effects within eachcondition: Monkey A's datasets only have significant compensation present in 42% and 16% of the 362 conditions, while Monkey O's datasets have effects presents in 80% and 88% of the conditions. We 363
propose that the globally weaker results in the case of Monkey A don't necessarily indicate a lesser degree 364 of compensation, but a decreased ability to accurately estimate compensation. 365
Our approach is limited in revealing how these dynamics causally affect coordination. In 366 psychophysics studies, behavioral perturbations are used to establish causality (Haggard and Wing, 1995) . 367
Similarly, electrical and optogenetic stimulation could be used to establish causality (Diester et al., 2011; 368 Liu et al., 2012) . In this study, as a first step towards establishing causality, we incorporated limb 369 kinematics as a proxy for common input and found significant interactions between the two neural 370 populations above and beyond the effects of the common kinematics. 371
This work extends previous research that has focused on quantifying the dynamics of individual 372 populations (Churchland et al., 2010 (Churchland et al., , 2012 Mante et al., 2013; Shenoy et al., 2013; Kaufman et al., 373 2014) . These approaches characterize the dynamics of neural activity through their trajectories in a low 374 dimensional projection. Our approach generalizes this approach, by dividing the population into 375 functionally defined subsets and analyzing the relations between trajectories during behavior. This could 376 be adapted to analyze coordination within any brain region and, more importantly, between brain areas. 377
Being able to monitor cortical coordination dynamics is a first step towards understanding how 378 interactions across populations of neurons give rise to coordinated behavior. 
